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Abstract—This contribution examines the usage of low
frequency components (< 5 Hz) in single trial EEG
recordings obtained during right index finger movement
for classification of reaching and grasping movements.
These components contain delta band activity and Move-
ment Related Potentials (MRPs) associated with the
movements. Time-frequency development is used to clas-
sify the movements using Hidden Markov Model based
classifier. It is shown that in some cases the utilization
of these components can lead to a better classification
score than the utilization of the previously used oscillatory
activity in the µ and β bands, which are used as the
reference here. The classification score has changed on
average by -1.3% (-11.7% to +16.1%) compared to
the referenced 5–40 Hz band. By choosing the newly
examined band only for subjects where there is a benefit
in it, a score of 90.9% was obtained (+2.9% improvement
on reference itself). The examined frequency band is
optimized for each subject as the inter-subject variability
of EEG plays a role here.
Keywords—EEG; BCI; HMM; MRP; movement type
classification.
I. INTRODUCTION
The classification of movement direction is of great
significance in the field of Brain Computer Inter-
face (BCI) research. There are many approaches to
BCI control researched worldwide, using e.g., Visual
Evoked Potentials (VEP), P300 event-related wave, or
different kinds of voluntary mental activities. We focus
on movement related activity, as controlling a BCI with
movement related EEG feels very natural and only an
imagination of the movement is sufficient to control the
BCI. Moreover movement EEG based systems can be
designed as asynchronous ones, giving the user more
freedom. The ability to distinguish the direction of
movement increases the number of recognizable states,
thus increasing the information transfer rate. This is
crucial as the existing BCIs use only a few distinct
types of movement (mostly left/right hand or finger
movement).
So far in our BCI research we have been focused
on oscillatory cortical activity (Event-Related Desyn-
chronization - ERD, and Synchronization - ERS) in
the µ (8 - 12 Hz) and β (16 - 31 Hz) bands, so we
have, with some margin, examined 5 - 40 Hz band.
In our efforts to further increase the movement type
classification score we are looking for complementary
information that is not contained in ERD and ERS.
Movement-Related Potentials (MRPs) are widely
used in multiple-limb BCI paradigms [1], [2] and
they are sometimes used to distinguisch single limb
movements as well. Researchers have found that delta
band (0 - 4 Hz) contains significant information on
direction of wrist movement [3] and movement inten-
tion [4]. Moreover, the delta rhythms are enhanced
by mental training [5] and delta band frequencies
consistently help detect event related potentials during
cued finger movements [6]. In [7] the scientists use
very low frequency component (1 Hz) to decode 3D
movement and show that low frequency component
contains information about movement speed. Paper
[8] uses spatial patterns extracted from slow cortical
potentials (< 1 Hz) to decode direction of center-out
hand reaching task.
There is evidence that MRPs (and low frequency
components) and ERD/ERS provide complementary
information on human brain responses accompany-
ing voluntary finger movements [9], [10], therefore it
makes sense to examine the low frequency components
as well as ERD and ERS activity in the µ and β bands.
The experiments are performed on a database of
EEG realizations of extension (reaching) and flexion
(grasping) movements of right index finger. Classifica-
tion of finger movements of the same limb is known
as a complex and challenging task as the activated
muscle mass is smaller than in e.g. arm movements
and the different contralateral preponderance cannot be
exploited as in different limb movements.
II. MOVEMENT-RELATED EEG
Recorded EEG is a composition of two basic com-
ponents: spontaneous activity and event-related re-
sponses. The event-related responses can be further
divided into induced responses and evoked responses
[11]. Induced responses are visible as changes in the
power of subbands in the EEG signal and EEG has to
be averaged in spectral domain to emphasize them.
On the other hand, evoked responses are slow
changes in the EEG phase-locked to the movement
and can be also emphasized in the time domain by
averaging over multiple phase-locked instances of the
movement [12]. Movement Related Potentials are slow
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Fig. 1. Scalp electrode layout, according to [16].
(< 4 Hz) cortical potentials, which are synchronized
with the movement onset. They are time and phase
locked responses related to preparation and execution
of voluntary movements. They appear prior to the ex-
ecution of actual movement and even imagined move-
ment [13] and are typically strongest contralaterally
to the movement [14]. MRPs have several compo-
nents consisting of Bereitschaftspotential (BP), Pre-
Motion Positivity (PMP), Movement Potential (MP)
and some post-movement potentials [14]. BP is a pre-
movement readiness potential that starts as early as 2
seconds before the movement onset, PMP is a smaller
potential starting about 80 milliseconds before the
movement and MP represents the final triggering of
the movement. The strength and timing of the MRPs
is dependent on various factors, including subject skill,
exerted force or whether the movement was cued or not
[15]. The various potentials are focused on different
parts of the scalp, e.g. BP for right hand movements
to C1, MP to C4 [14], [15].
For more information about other kinds of induced
oscillatory EEG activities that can be observed in the
processed EEG, see [16].
III. METHODS
A. Subjects And Experimental Procedure
The EEG database was obtained from study of
Stancˇák et al. [16]. The database contains EEG record-
ings of 11 right-handed healthy subjects voluntarily
performing 120 brisk right index finger extension
movements followed by a return to resting position
(reaching) and 120 brisk flexion movements followed
by return to resting position (grasping). The move-
ments were performed at irregular intervals of 10–12
seconds. The subjects had their eyes closed during
the recording. The EEG was recorded on 21 scalp
electrodes placed over the contralateral sensorimotor
area (see Fig. 1), fs = 256 Hz; surface EMG electrodes
[16] were used to mark the onset of the movement. The
EEG was filtered using a 8-neighbor surface Laplacian
filter. The data were segmented into 10 seconds epochs,
5 seconds preceding and 5 seconds following the
onset of the EMG. Segments containing eye or muscle
artifacts were removed. The described data processing
was done by the authors of [16]. The average number
of artifact free EEG realizations of each movement was
66.4±16.5.
B. Feature Extraction
There are various approaches used to extract the
features of MRPs in literature. Using time series data
Quandt et al. [10] utilizes low-pass filtered, down-
sampled points from -50 to 450 milliseconds around
movement onset. Features related to time-frequency
development are very common, [3] uses Gabor co-
efficients with frequency resolution of 2 Hz in the
range 0.5 to 90 Hz with consecutive feature selection.
Besides time domain data Quandt et al. [10] uses also
normalized spectrogram points in 1-120 Hz range with
2.5 Hz step.
We made good experience using linear FFT co-
efficients as features [17], [18]. Here we use 1.95
second window length (with 0.39 second step) giving
us 0.512 Hz frequency resolution covering a freqency
band from 0.512 Hz up to 5.12 Hz. The k-th feature
vector consists of up to p = 10 features Fk =
(fk[1], . . . , fk[p]) where k is the time index, depending
on particular experimental setting. One movement EEG
realization is described by feature matrix F ∈ R10,21.
C. Classification
The HMM classifier setup from [17] was used to
evaluate the reference results as well as the low-
frequency-band results. The used models have a left-
to-right, no skips architecture with 4 emitting states,
which is designed to capture the sequence of the
movement-related EEG phases (resting EEG, desyn-
chronization, post-movement synchronization, resting
EEG) in the µ and β bands [18] and in this case models
the delta band activity that is prominent around the
movement onset (see on Fig. 2).
As the averadge number of available movement
EEG realisations is relatively low, stratified 10-times
repeated 5-fold Cross-Validation (CV) [17], [19] is
utilized in order to obtain more reliable classification
estimates.
In order to increase the significance of the difference
in classification score among various experiments, all
presented experiments use identical initial conditions
(same composition of training and testing sets) for
classification.
The classification maps were computed for all 21
electrodes overlying the contralateral sensorimotor area
of the right hand included in the original study [16].
Each point on the classification map (see Fig. 3 for
example) represents the resulting classification score
for a particular frequency sub-band defined by start
and stop frequencies. The over half a million needed
classification runs were evaluated using parallel clas-
sification environment presented in [19].
TABLE I
COMPARISON OF CLASSIFICATION RESULTS FROM 5-40 HZ BAND
AND VARIABLE FREQUENCY BANDS (EL. = ELECTRODE).
5-40 Hz band Variable low frequency band
Sub. Score [%] El. Score [%] El. Band [Hz]
1 65.2±3.8 1 81.3 ±3.4 20 0.5–5.1
3 97.0±1.3 14 87.9 ±2.9 16 0.5–1.5
4 99.5±1.1 8 99.2±1.2 3 0.5–0.5
5 86.5±0.9 8 76.4±1.7 10 0.5–2.1
6 82.7±2.4 4 77.3±3.2 17 1.0–1.5
7 83.3±1.6 13 77.9±1.1 8 1.0–3.6
8 94.4±1.2 6 99.9±0.2 9 0.5–4.1
9 91.4±1.1 5 97.5±0.5 9 1.5–4.6
10 81.2±4.6 14 69.5±2.7 16 3.0–4.1
11 98.7±0.4 13 99.7±0.5 8 1.0–2.1
all 88.0±0.7 best 86.7±0.7 best var.
all 72.0±0.2 all 62.6±0.2 all 0.5–5.1
90.9±0.7*
*Average of the best results from both the referential and the low frequency
band (set in boldface).
Fig. 2. Example of an averaged spectrogram of movement realiza-
tions. Red vertical line represents the onset of the movement.
IV. RESULTS
Upon visual examination of the resulting spectro-
grams and averaged time series subject 2 was discarded
because of strong artifactual activity in the 0-3 Hz
band. Table I shows the classification results and
compares them against referential results obtained from
the previously used 5–40 Hz band. For four out of
the ten subjects the classification score was better than
referential when using the low frequency band. On
average, however, the best score achieved was 1.3%
lower than the reference one.
The best frequency subband for classification varies
from subject to subject; when all subband classification
maps (see Fig. 4) are averaged, the best general choice
of subband is the whole examined band 0.5 to 5.1 Hz.
On average, the best scoring electrode was 9 (75.4%),
second best was 17 (69.9%).
MRPs in the form of a sharp positive slope starting at
the moment or just prior to movement onset followed
by steep negative slope (as can be seen on Fig. 5),
Fig. 3. Example of a classification map showing a single electrode
result for subject 5.
Fig. 4. Classification map averaged over best electrodes of all
subjects.
or in the form of negative slope without the positive
peak were observed in all subjects on some electrodes.
For a few subjects the described activity was hard to
observe in the time domain. The oscillatory activity
was however still well observable in the frequency
domain in such cases, similar to what can be seen in
Fig. 2.
On average however the electrodes with strong de-
scribed MRP activity tended not to be the ones with
the highest classification score. We have not found any
correlation between the electrode positions of maxima
of MRP/delta band classification and ERD/ERS clas-
sification.
V. DISCUSSION AND CONCLUSIONS
We have shown that the discrimination of reaching
(extension) and grasping (flexion) finger movements
can be in some subjects improved by considering low-
frequency components. Moreover even for the subjects
that fared worse in the examined band than in the
reference 5–40 Hz band a reasonable classification
score was achieved. This complies with the fact that
many studies show that the low frequency components
Fig. 5. Example of averaged MRP in movement realizations. Each
realization is filtered using an order 120 low-pass filter (filtfilt
MATLAB function - zero phase) with cutoff frequency 4 Hz.
contain information complementary to the µ and β
bands that contain ERD and ERS activity [9], [10],
[20].
The band selection test has confirmed the large inter-
subject variability of EEG as the selected frequency
subband varies greatly among subject and electrodes.
The best general choice of band without any prior
information is 0.5–5.1 Hz, i.e., the whole examined
band. This is on par with our previous results exam-
ining distal and proximal movements [17], where the
whole physiologically relevant band containing ERD
and ERS 5–40 Hz was found to be the best general
band choice.
There is no reason not to add the delta band to
our classification scheme, especially as we have shown
here that HMMs can be used to classify the activity
therein. However, care has to be taken in including the
delta band as the HMM models for the ERD/ERS and
delta band activity may require different state proba-
bilities, so two separate models need to be trained. As
the information in both bands is complementary, the
resulting classification score should be an improvement
on both the current approaches.
In the future other types of features should be
considered for this classification task as well, as our
choice of FFT features here was arbitrary to show the
possibility of using HMMs. Studies dealing with MRPs
often use time-domain features [10], [20] (paper [10]
uses frequency-domain features for low frequencies as
well). Visual examination of the spectral development
shows that a 3-state HMM model might be sufficient
for classification of delta band, however having the
extra state should not impair the results.
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